： This paper presents an improved dual channel pulse coupled neural network (IDC-PCNN) model for image fusion. The model can overcome some defects of standard PCNN model. In this fusion scheme, the multiplication rule is replaced by addition rule in the information fusion pool of dual channel PCNN (DC-PCNN) model. Meanwhile the sum of modified Laplacian (SML) measure is adopted, which is better than other focus measures. This method not only inherits the good characteristics of the standard PCNN model but also enhances the computing efficiency and fusion quality. The performance of the proposed method is evaluated by using four criteria including average cross entropy, root mean square error, peak value signal to noise ratio and structure similarity index. Comparative studies show that the proposed fusion algorithm outperforms the standard PCNN method and the DC-PCNN method.
Introduction
PCNN model was firstly proposed by Eckhorn et al in 1990 [1] . The inherent ability to feature extraction, denoising, and segmentation among others is a very important property of the PCNN model, which makes the model a very powerful image-processing tool. In recent years, PCNN model and its improved models have been widely applied to different tasks of image processing, for instance, image denoising, image segmentation, and some other fields, especially in image fusion. However, it is difficult to make mathematical analysis of PCNN model because it is a nonlinear one. Furthermore, there are many uncertain parameters in PCNN model. Therefore, an IDC-PCNN model is proposed in this paper to overcome the aforementioned defects. In this model, the internal state of the neuron is combined by addition rule rather than multiplication rule of the two input neurons, and the SML is adopted to construct weighted coefficients of the model. Furthermore, the computational efficiency is improved in the proposed model.
As an application to the IDC-PCNN model, the multi-focus image fusion is introduced. The optical lens of camera is limited by the focal length, thus camera cannot take pictures everywhere in focus. Some objects cannot be in focus, which leads to blurred image blocks. Image fusion technique is usually used to solve the problem. Some computationally simple methods are proposed in [2] [19] [20] [21] . In literature [3] , the artificial neural network based approach is presented. Authors claimed that their method is better than the wavelet transform based method, especially when there exist movement object or misregistration. The standard coefficient _________________________ *Corresponding author. E-mail address: wu_xiaojun@jiangnan.edu.cn, xiaojun_wu_jnu@163.com (Xiao-Jun Wu). 2 combining methods is to compare focus measure of the source images and find the best focus one at the particular pixel location. The support vector machine approach outperforms these conventional schemes both quantitatively and visually [4] . The redundant wavelet transform method was presented in literature [5] , which is a computational efficient method. Furthermore, the blurring effects, misregistration and sensitivity to noises have been effectively overcome by the method partially. In literature [6] , the estimation of the noise strength and the pre-fixation of the window size are effectively avoided via the MW technique. The differential evolution algorithm is reliable, stable, robust and sensitive to the initial value and the control parameters [7] . The Fuzzy C-Mean (FCM) algorithm is proposed to partition the feature region of the image in literature [8] , and to calculate the distance of the regions as regional dissimilarity. This regional dissimilarity is benefit for human visual perception and can obtain good fusion effect by using to multi-focus image fusion.
Recently, the fusion methods based on PCNN have been developed. A modified approach of PCNN suitable for application in image fusion technique is proposed in literature [9] , which can improve the computational efficiency and reduce the processing time. In literature [10] , the linking strength is the clarity of each pixel, and the time matrix of the sub-images is obtained by the synchronous pulse burst property of the neurons. Fusing the time matrix and linking strength obtain the better fusion effect. In literature [11] , the input source images are decomposed into several blocks to compute energy of Laplacian as feature maps. The outputs can be obtained by inputting the feature maps as the external stimulus. The fusion image is constructed by selecting the source image blocks that are obtain by comparing the outputs of images. Each source image must be inputted to the PCNN model, which brings large amount of calculation and complex model parameters. While the selection of the model parameters is a significant problem of PCNN model. Thus, model modification and parameters optimization are worthy to be studied. Therefore, an improved method is proposed in this paper. The method replaces multiplication rule with addition rule in the signal modulation process, SML measure is adopted to construct weighted coefficient and the active factor is removed. Performances show that our method enhances the computing efficiency, and gets better fusion quality. The improved DC-PCNN model based fusion algorithm is drawn in Fig.1 . The main components of Fig.1 will be described in Section 3.
The remainder of this paper is presented as follows. The standard PCNN and DC-PCNN is reviewed in section 2.1, and the IDC-PCNN is presented in detail in section 2.2. The proposed fusion algorithm of this paper is given in Section 3. The experiment and performance evaluation are given in Section 4 and the conclusions are given in Section 5. 
Pulse coupled neural network model
Since PCNN and DC-PCNN are foundations of the proposed model in this paper, they are reviewed in section 2.1. Then the proposed IDC-PCNN is presented in section 2.2.
PCNN and DC-PCNN model
Neurons of standard PCNN model are consisting by three components. One is the dendritic tree, which is to receive the signals from the feeding field and the linking field. The other is linking modulation, which is the unit to combine the signals from the feeding and linking. The pulse generator is the part to generate pulse. The neurons receive the input signals such as pulses, constants, or external stimuli. This input signals come from the neighbor neurons or the other inputs. While the adaptation processes of PCNN model is fully compatible and complementary. The network's nonadaptive spatiotemporal dynamics of the PCNN is the main focus of interest [11] . More description of PCNN model can be found in the literatures [11, 12] .
Although PCNN model is useful in image processing, there are some defects exist in the standard PCNN model. It is difficult to make mathematical analysis of PCNN model because it is a nonlinear one. Furthermore, there are many uncertain parameters in PCNN model. Some work is done to overcome these shortcomings. Wang and Ma [13, 14] proposed a DC-PCNN model to overcome some defects of PCNN. However, the DC-PCNN model inherits the nonlinear property of PCNN, because the two input neurons must be multiplied. As example, the DC-PCNN model was applied to multi-focus image fusion. The two source images are taken as input neurons, and the neurons are combined with multiplication rule to internal state in the fusion pool. By inputting a DC-PCNN model, which has fewer parameters and higher computing efficiency and better fusion quality compared to PCNN model [13] , the two source images are fused.
The DC-PCNN model (see Fig.2 ) consists of three parts. The first part is the dendritic tree. The external stimuli and surrounding stimuli will be inputted into the first part. The information fusion pool is the second part. All signals will be coupled in this part. The last part is the pulse generator. The output pulse will be generated in the part.
The equations of the DC-PCNN model and more details about the algorithm can be found in the 
IDC -PCNN model
From Fig.2 we can see that the combined internal state is generated by multiplying the information of two channels, and by adding a level factor. Apparently, there are two shortcomings of DC-PCNN. The first one is that the computational load is high. The second one is that it is difficult to determine the level factor. Motivated by these observations, we modify the structure of DC-PCNN by replacing multiplication with addition, and omit the parameter of level factor.
Again, the IDC-PCNN model (see Fig.3 ) is also composed of the following components: dendritic tree, image fusion pool and pulse generator, respectively.
In the DC-PCNN model, as shown in Fig.2 , each iteration process requires three times calculation of addition and multiplication. Suppose the images size is m n, and N is the number of iteration, then the total computation of information fusion in the DC -PCNN model is 3  N  m n times of multiplication and addition. However, for the improved model, as shown in Fig.3 , each iteration process needs only one addition and twice multiplications calculation in image fusion pool, and thus the computation is 2  N m n times multiplication and N m n times addition. Compared with DC -PCNN, our model improves the computational efficiency.
Some good features of the PCNN model are inherited in the IDC-PCNN model. Input stimulus and stimulus from neighbors are mathematically shown in Eq. (1) - (2) . The neuron fires when the combined internal state value rises greater than the threshold value. Then there is an iteration process. The threshold value is increased significantly and it decays until the internal activity value rises greater than the threshold value again. This iteration process leads to the dynamic pulse burst nature of the model. Similarly, the other properties of PCNN are also remained in the IDC-PCNN model.
There are two input channels in the improved model. The stimulus can be inputted into the two channels at the same time. The mathematical model is given as the following equations:
Dendritic tree Image fusion pool Pulse generator Fig.3 The structure of the IDC-PCNN
The two symmetrical input channels are given by Eq. Where O is the output. K is the connection coefficient.
2) Normalize the external stimuli.
If Uij > Tij then Yij = Uij -Rij -1, else Yij = 0;
End for Until (all neurons have been fired). 6 4) Output O.
Image fusion algorithm
A fusion algorithm based on the improved model is given in first subsection. Moreover, the weighting coefficient is an important parameter of the improved model. Therefore, some evaluation criteria for image sharpness are discussed, and a method to obtain the weighting coefficient by SML is described in the next subsection.
Fusion algorithm
PCNN based image fusion method requires no training, and the source images should be registered. Two source images are denoted as S A and S B , then input the external stimuli S A (i,j) and S B (i,j) to the IDC-PCNN model, then the fusion image is obtained when all neurons have been fired. Fig.1 shows the main components of our algorithm.
The proposed fusion method is described as four steps:
(1) Compute SML with Eq. (6) for each source image. Denote D A and D B as the measured images, respectively.
(2) Calculate the weighting coefficients  A and  B via D A and D B using Eq.(8) and Eq.(9).
(3) Input the two stimuli S A and S B into the improved model, and then start the model. (4) Obtain the fused image via the IDC-PCNN.
Weighting coefficient
Recently, many sharpness assessment criteria are discussed. Typical focus measure methods are: variance (Var), spatial frequency (SF), energy of Laplacian (EOL), and sum of modified Laplacian (SML), etc. These evaluation indices can be used to describe the image sharpness individually, while SML and EOL can usually present better effect than the others [15] . EOL is the sharpness assessment criterion to measure image focus and construct the weighting coefficient. However, experiments reveal that different measure used in DC-PCNN model will produce different fusion result, which can be seen in Fig.4 . We use SML measure to construct the weight coefficient, which is the best fusion performance of the four mentioned measures. Experiment results in table 2 and  table 4 verify the statement, but there is no significant difference. Thus, the similar results are obtained by using the four measures in our proposed model, but the different results are obtained by using the four measures in DC-PCNN model, especially the RMSE value in Table 3 . The mathematic expression of SML is given as follows: Where k is usually equal to 1, T is a threshold, and N determines the window size to compute the focus measure. L(i,j) is the element of the SML, I(x,y) is the image pixel value. The construction of weighting coefficient is described in detail in literature [13] . We introduce it 7 briefly as follows: 1) Suppose source images A(i,j) and B(i,j), transforming into measured images D A (i,j) and D B (i,j) after focus measure SML is used in this paper;
2) Define M(i,j)=D A (i,j)-D B (i,j). 
Experiments and Analysis
The experiments and analysis are done to confirm the validity of our algorithm. The computer is HP ProBook 4321s, and Matlab7.6.0 (R2008a), which is the experimental environment in Windows 7. The neighborhood window width parameter N is equal to 2, and the threshold parameter T is equal to zero, and the other parameters are same with the Wang's method [13] . The performance is done to contrast our method to Huang's method [11] and Wang's method [13] . The objective evaluation criteria are average cross entropy (CE), root mean square error (RMSE), peak signal to noise ratio (PSNR) and structural similarity index (SSIM) [16] . The mathematical expressions of the measures are given as follows: 
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Where the source images are A and B, F is the fused image and R is the reference image. pi and qi are distribution probability of image pixels value i. The CE is image average cross entropy, and CE directly reflects the corresponding pixel difference of the source images. The smaller CE implies that the fusion method extracts the more information from the source images. The RMSE is a criterion to quantify differences between two images. Small RMSE means better effect for the fusion image. The SSIM is first given by Wang et al [16] , and the program can be downloaded in [17] . The SSIM denotes the similarity of the fusion image and the reference image. Larger value 8 shows better effect of the fusion image.
Experiments of weighting coefficient
According to the section 3.2, experiments were done. The representative results are given in Table 1 through Table 4 and Fig.4 Fig.4 Fusion results using different coefficient (from left to right the selection of measure is variance, spatial frequency, SML and EOL respectively. The first and third lines use DC -PCNN method, the second and fourth rows use the improved DC -PCNN method.) Table 1 and Table 2 show the comparison of the focus measure by CE, RMSE, PSNR and SSIM obtained on clock images. Table 3 and Table 4 show the comparison of the Tsinghua images. In Table 1 and Table 3 , different measures are used in DC-PCNN model, the CE and RMSE calculated by using EOL are smaller than the other three measures, and the PSNR and SSIM are larger, so EOL measure used in DC-PCNN model is the best of the four measures. In Table 2 and Table 4 , different measures are used in improved DC-PCNN model, the CE and RMSE which are calculated by using SML are smaller than the other three measures, and the PSNR and SSIM are larger, so the SML measure is the best, but the results by using these measures are similar. Fig.4 shows visual effect of the different methods. The fusion results by using Var, SF, SML in DC-PCNN model are bad, but using EOL in DC-PCNN model is good. While good visual effect is obtained in improved DC-PCNN model by using all the four measures, and the method using SML in improved DC-PCNN model is the best.
Experiments of the proposed fusion algorithm
Groups of source images and reference images are given in Fig.5 . The fusion images are given in Fig.6 . Table 5 through Table 9 show that the SSIM values obtained with our method is larger than the other methods. Few abnormal data like CE value in Table 6 through Table 7 and RMSE, PSNR in Table 5 , show the Huang's method [11] is better than our method, but this does not affect the merits of our methods, the other criteria of the Huang's method [11] is worse than our method, especially the computational time criterion, the Huang's method [11] is the worst one. Huang's method [11] must employ the PCNN model twice that lead to the lower algorithmic efficiency than others. Wang's method [13] performs one DC -PCNN model that greatly improves the algorithmic efficiency, this can be seen the time column in Table 5 through Table 9 . Wang's method [13] improves the image fusion quality, but under some conditions, there are some image fusion spots, such as the second group and the fourth group of images in Fig.6 , which requires further processing to the fused image. However, for our method, the objective evaluation criteria are good in Table 5 through Table 9 and the visual effect is well in Fig.6 . Furthermore, the computational complexity is less than Wang's method [13] .
Although the advantages of the proposed algorithm are exhibited apparently for the task of multi-focus image fusion, there are defects of the proposed model unfortunately for other tasks of image fusion. In order not to mislead readers, six sets of images are adopted to demonstrate the applications of the improved method. The first three groups are multi-focus images, which are suitable for our method. The next three groups are infrared images and visible images, CT image and MR image. However, the fused results using our method for these cases are not so good. These results show the defects of our method. 13 Fig. 7 . The applications of the proposed method for different cases.
There are two reasons behind the phenomena. The first reason may be from the fact that there are many parameters in PCNN-like model. However, the values of these parameters in this paper is not optimal in any sense, which leads to unsatisfactory results in image fusion task other than multi-focus image fusion. Fortunately, thanks to the good work of literature [13] and [11] , appropriate values of parameters of PCNN-like model have been found for the task of multi-focus image fusion. Our method benefits a lot from [13] and [11] in choosing values of parameters. In this context, we believe our method is very suitable for multi-focus image fusion. The second reason is that the choice of appropriate weighting coefficient of PCNN-like model is a challenging task. The weighting coefficient of the proposed model is obtained for multi-focus image in this paper. There is no way to find an appropriate weighing coefficient of the PCNN-like model to suit for all types of image at present. As a recent future work, we will use global optimization algorithm, say particle swarm optimization (PSO) algorithm [18] , to find optimal parameters of PCNN-like models, which may make a small step toward the universality of the proposed method.
Conclusions
An IDC-PCNN model is proposed, and an improved fusion algorithm based on the improved model is developed. The process of image fusion in the improved method is simpler than that of previous methods. Usually, more PCNN models are employed and more multiplication operates are calculated in the previous methods. However, addition operator instead of multiplication operator is used in the proposed method to implement the multi-focus image. The performance shows that our method is better than the existing methods, whether visual effect or objective evaluation criteria. Furthermore, the computational efficiency is improved. Obviously, lots of works are needed for further research, such as the further improvement of the model, and the selection of the optimal parameters of the model, etc. The optimization model and the choice of appropriate weighting coefficient to be applicable to other types of image are our main work in future.
